Compression and recovering of power consumption data through wavelet analysis is described. This technique will reduce the storage needs of such data, enable the reconstruction of data at a sufficient level of accuracy for invoicing, and allow for better energy planning in production facilities.
SECTION 1. INTRODUCTION
Storing large amounts of data in the form of time series has been faced by the process industry for decades. In addition to securely storing the data, it is necessary to be able to efficiently retrieve data for further analysis. In the process industry, it is not uncommon with tens of thousands of sensor signals with a time resolution in the range of 1 s. Typically, 8 bytes may be used to store real numbers. Thus, to store ten thousand real numbered signal values every second leads to some 6.5 Gbyte of data every day.
To handle the resulting large amount of data, a typical data compression strategy is to only store values that fall outside of a defined deadband about the previously stored value, and the respective time stamp. With limited storage capacity, the size of the deadband is meant to give a good compromize between data accuracy and searchability of the data.
Although progress in storage technology has made available low cost disks with capacity in the Tbyte range, secure storage over years and with a need to efficiently search the data still makes it relevant to attempt to compress data in an efficient way.
In the power industry, electricity consumption meters are typically based on counting the number of rotations of a tiny motor driven by the electric current consumption, within a given time period. For households, the normal pricing scheme is a fixed price per consumed energy in the winter season, and another price in the summer season. For large consumers, daily peak and off-peak periods may be defined, with differentiation in price. The length of the periods may vary both with season and with the location of the consumer. Advanced measurement systems (AMS) for homes are planned to be introduced within a few years in Norway, which will make daily price differentiation a possibility also in the household. For these systems, the sampling period will be 1 hour initially, but with more detailed sampling already planned. Although the amount of data is manageable for households with a small population, the more general problem of also including details about consumption in businesses and in larger populations make it relevant to both compress data in an efficient way to reduce the storage needs, and to enable efficient retrieval of data.
Keeping track of electricity consumption is thus of importance both to the electricity producer when producing invoices, and to the consumer in case of disagreements and for making it possible to shift energy-intensive processes to off-peak periods. It is thus necessary to store a large amount of data, and data compression becomes increasingly important; compression must, however be done in such a way that relevant data may be reconstructed at a sufficient level of accuracy. Measured power consumption is typically transmitted from consumer to producer over open communication lines, and it is important to encrypt these data to avoid that outsiders get access to the data. Accurate invoicing of power consumption also requires that it is not possible to tamper with the data. Several methods for data compression and reconstruction exist (Li et. al 2010) , (Luo et. al 2009) ; one promising technique is based on wavelet analysis of the power consumption signal (Cai 2012) . This paper is organized as follows. In section 2, an overview of the electricity tariff system in Norway is given. In section 3, multiresolution analysis for compressing electrical consumption signals is discussed. Section 4 discusses the recovery of information from compressed data at specific time instances, while section 5 looks into details of restoring values of consumption in peak periods. In section 6, some conclusions are drawn.
SECTION 2. TARIFF SYSTEM IN POWER ENGINEERING OF NORWAY AND PEAK PERIODS OF ENERGY CONSUMPTION
Electric power consumption varies with the hour and the season, and the power producers need to take this into account when building their production capacity. The power production needs to satisfy demands from society and be economically viable. Various tariffs are developed to both give good economy and to influence the production such as to smooth out peaks in the total consumption from the customers. It follows that it is necessary to keep track of variations in power consumption for the customers, with emphasis on those measures that are of importance in the different tariffs.
The Norwegian power grid consists of more than 200 energy companies of various sizes; these, specify the price depending on the type of consumer (with the presence of the consumption control, voltage class and the distance from the power source), and at the end of the year the predicted and the calculated values are recalculated (Ajodhia 2002) .
A single-rate tariff with a transition between the seasons is the simplest tariff in Norway (Saele and Grande2011); this is divided into two periods: the summer period from 1 th of May to 1 th of October, and the winter period in the other part of a year. The price for the electricity supply does not change during a period in this tariff system. Basically, this type of calculation is common for the household sector. In recent times,the need for a more detailed tariff regulation of household customers has risen due to peak consumption periods during the morning from 8 00 to 10 00 , and in the evening from 17 00 to 19 00 (Morch et al. 2007 ). This fact clearly shows the effect of the household sector to the total value of electrical consumption in the whole power system. For industrial facilities, the tariff regulation system between the supplier and the consumer has several options. For enterprises with consumption less than 100 MWh, the tariff system is similar to that of household customers. For larger enterprises, an hourly electricity measurement is implemented. These larger enterprises consume about 60% of the total energy in Norway (Morch et al. 2007) , (Hansen 2004) . As a whole, the transient periods between the peak loads and normal levels of energy consumption have a relatively short duration. Thus, only peak periods and off-peak periods are considered. The prices vary between peak periods and off-peak periods; typically, the price is 30% higher in peak periods (Saele and Grande 2011). Because of the price variation between peak and off-peak periods, enterprises may be able to re-schedule their production and move some of their productions to off-peak periods, and in this way reduce their power cost.
For the electricity supplying companies, parameters of energy consumption provide useful information during peak load: the increasing of price during that time may stimulate consumers to change their work schedules. Additional control of the data summarizing economic balances is required during the peak period of consumption to hinder consumers from tampering with the information with the result of too low registered power consumption and a loss for the power supplying companies.
For these reasons, the recovery of the measure of energy consumption for enterprises with obligatory control of hourly meter readings is important. One promising method for compressing and recovering information is based on wavelet analysis.
SECTION 3. MULTIRESOLUTION ANALYSIS FOR DAILY SCHEDULE OF ELECTRICAL LOAD
Wavelet-algorithms offer ease of implementation and are connected with high adaptability and effectiveness in comparison with classical statistical methods of data processing. Multiresolution analysis (MRA) and the wavelet decompositions of Mallat, Daubechies, Meyer, etc. form elements of a wavelet analysis useful for the study of power measurement signals. Most wavelet transforms are designed to solve one problem and give one answer. If several answers are sought, such as in power signal analysis (consumption in peak periods, consumption at various instances, etc.), it is necessary to either use many existing methods or increase the number of steps in the algorithm. This paper deals with ways to expand wavelet transforms for multipurpose information processing. For solving a multipurpose task, at first one should consider methods where the wavelet coefficients hold direct information. Existing MRA algorithms (Daubechies 1992 ) allow obtaining in the last level of the wavelet transform the same quantity of wavelet coefficients as in the original data sample. This means that for studying a full day of hourly measurements of electrical load (MEL), the 24 values of hourly consumption are expanded with 8 additional zeros to get the complete sample of 32 = 2 5 initial data. In the last level of the wavelet transform,this will give us 32 wavelet coefficients where we know that 8 of these contain redundant information -due to the added 8 zeros. From these last level coefficients, we can recover the original hourly data without loss of accuracy. The decomposition algorithm is indicated by the scheme in Fig. 1. MEL presents a set of discrete values of the power consumption P i (t), thus MRA leads to a fast calculation scheme for wavelet coefficients of the given power consumption function. The computation of wavelet coefficients is carried out by an iterative formula as follows (Daubechies 1992 
where c and d are approximation and detail coefficients, respectively; m is the level of the transformation and n is the number of wavelet coefficients.
According to the recovery algorithm of MRA (Daubechies 1992 
It is of interest to consider the possibility of effective use of MRA to restore MEL with a defined accuracy (Perebin 2002). Structured MRA allows one to conclude that any value that is part of the initial sample can be defined in different ways. The whole tree of MRA ( fig. 1 ) consists of 160 parameters: 5 levels, each of 32 coefficients. For example, the first level is formed by two coefficients (detail and approximation), each of which includes a sample of 16 parameters, i.e., 32 values. The second level contains 4 coefficients with samples of 8 parameters, in result 32 values too, and so on. With this many parameters (coefficients in 5 levels), this opens up the possibility of restoring the original MEL in many different ways -remembering that 32 coefficients should hold the complete information. It also opens up the possibility of compressing the original information by dropping out selected coefficients in away, which gives a good balance between compression level and accuracy.
SECTION 4. LOCAL DATA RECOVERY: RELATIONSHIPS BETWEEN WAVELET COEFFICIENTS
The following example will illustrate how the original sample of power consumption can be transformed into wavelet coefficients at various levels, and how the relevant information for invoicing the customer can be recovered from the wavelet coefficients. In the example, we consider a situation where there is a disagreement between the power supply company and industrial customer within the first peak period (electrical consumption from 9 00 to 10 00 ).
The cost of power consumption depends on whether the actual consumption (MEL) exceeds the scheduled consumption, thus it is necessary to recover "estimates" of the actual consumption/the original measurements and compare these with the scheduled consumption.
Since there is no need to recover the entire MEL, the quantities in question (consumption between 9 -10 o'clock) will be realized by 6 parameters.The following algorithm is based on Fig. 1 .
There are different ways of modeling the local data recovery. 32 values of the first level contain 24 values of daily energy consumption and 8 auxiliary zeroes (Fig. 1) . Obtained wavelet coefficients of the 5th level estimate the magnitude of energy consumption for 8 hours as they are proportional to the level of energy consumption in these areas of schedule:
  
, it is possible to reverse the transformation and perfectly recover the 4 coefficients at the fourth level, and then all connected coefficients at the third level. So the fourth level of coefficients can be skipped. Thus, we have a system of three equations with three unknowns to solve, eq. (3). 
where f and gareinitial and desired functions, respectively, the upper index of k m,n indicates the number of components of wavelet coefficient.
It should be noted that underlying coefficients k 5,1 , k 5,2 , k 5,3 should be taken as initial data for recovery for any cases.
As a result, without the fourth level, the algorithm supplies not only the entire solution, but also decreases the total number of wavelet coefficients that are involved in the restoration of the initial value of MEL for within the one-hour peak period (eq. (3)). k can be recovered in two ways (Fig. 1), either as in eq. (4):
or as in eq. (5):
Computing wavelet coefficient 3 2,0 k according to eq. (4) has the same principles as for the previous calculations; it is the principle of inverse wavelet transform, eq. (2). Using eq. (5) one takes into account the presence of functional dependencies between wavelet coefficients of the entire structure of the decomposition of input data subject to the limitations for avoiding their overlapping.
Note. If one needs to find another arbitrary initial value
of MEL no more than three wavelet coefficients from the second, first and zero levels, respectively, need to be used. The transition from the second to the first level is identical to the previous principle of transition in eqs. (4) and (5). The result of the calculations is the computation of the coefficient
Thus, using by 5 wavelet coefficients were determined the average energy consumption during 2 hours (Fig. 5) , has been determined. k , or identify the value of the initial sample P 9 or P 10 . That is, if one needs to find more accurately the level of energy consumption, one could attempt to restore the graph partially step by step. The approach must beintegrated, by taking into account normalized deviations relative to the prediction of energy consumption. 32 different options for computing the power exist, eq. (6):
where m and n must not repeat.
Thus, to restore one original value one must have a total of 6 wavelet coefficients. There is 25% of the original sample of 24 values. By considering the full tree decomposition, one needs 3.75% from 160 wavelet coefficients at all levels of the wavelet-transform.
SECTION 5. RESTORATION OF THE VALUES OF POWER CONSUMPTION FOR PEAK PERIODS
According to the previous section with a view to restoring a certain value and presenting possible ways to check the meter readings, let us consider the period from 8 00 to 10 00 , as well as from 17 00 to 19 00 , which corresponds to the maximum consumption in the energy system -the peak periods (Morch et al. 2007 ).
In the investigation of the daily schedule, we can come to the conclusion that the first demonstration of the peak period is shown in the following coefficients of Fig. 6 a, for the second one according to Fig. 6 b, respectively.
Wavelet coefficients according to the number of decomposition levels Wavelet coefficients of the fifth level of decomposition are marked by a shade of gray to emphasize the need for correct selection of coefficients without cross-links (within the sample of four values each) due to the initial addition of zeros.
An arbitrary choice of sample values is likely to make the calculation algorithm more complex: in case of controversies (changed data due to transmission errors, or suspicion of tampered data), it is possible to detect accurately the step on which a fault has occurred and correct the transferred data.
Combining the results in Fig. 6 a and 6 b, and taking into account the presence of mutually exclusive relationships between wavelet coefficients in the event of a dispute in peak periods it can be concluded:
1. On the 4 th and the 5 th levels of decomposition signal, all wavelet coefficients contain information about the initial data, which confirms the possibility of a rapid transition without the 4 th level. As shown earlier, at this step the best to use coefficients are k 5,1 , k 5,2 , k 5,3 .
2. For a quick computation, and additional control of values of consumption in the morning peak, in Norway set to from 8 00 to 10 00 , and the evening peak 00 to 19 00 , it is necessary to apply the following components of wavelet coefficients from: the 1 th level the 2 th level the 3 th level 4 5 9 1,n 1,n 1,n k , k , k 2 3 5 2,n 2,n 2,n k , k , k 1 2 3 3,n 3,n 3,n k , k , k in the calculations.
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SECTION 6. CONCLUSIONS
This paper has considered compression and recovery of power consumption measurements. In an example, a 24 hour time series is analyzed for data compression using a wavelet transform, and it is shown how the original signal can be recovered. To control whether the measured maximum value of energy consumption exceeds the scheduled maximum value, 3.75 % of the total number of 160 wavelet coefficients need to be used, or 25 % from the original sample. It should be noted that knowledge of three basic wavelet coefficients can be used to calculate the amount of energy consumed during 8 hours. Four wavelet coefficients are needed for recovering a 4-hour period of energy consumption and so on. Furthermore, in turn, different possible ways for identifying one value allows one to improve the quality and to control the accuracy of the transmitted data.
The presented approach for analyzing the reliability of power consumption information allows one to realize the possibility of solving disputes in the event of disagreement between power supply companies and the consumers with reduced calculation time and with an opportunity for cross-checking the validity of the recovered value.
